Introduction
The share of unemployed workers in the labour force has been rapidly increasing since 2008, while, at the same time, thousands of open vacancies are left unfilled. This phenomenon is observed in many OECD countries, and is often ascribed to mismatch between education (or skill) supply and education (or skill) demand on the labour market (Quintini, 2011; EU Observer, 2012; European Commission, 2012 , 2014 . A good match between labour supply and labour demand is indispensable for graduates and companies and, consequently, for the economy as a whole. Job mismatches can have serious consequences, not only for the individual because of unemployment risks (http://ec.europa.eu/social); wage penalties (Groot & Maassen van den Brink, 2000) ; or job dissatisfaction (McGuinness & Sloane, 2011) ; but also for society. Education is an expensive investment that society makes through public investments in education (Levin, Belfield, Muennig & Rouse, 2007) . The highest return to this investment for society comes about when individuals are well-matched to employers, so that knowledge acquired through education and on-the-job training can be optimally utilized on the labour market. It is then not surprising that addressing mismatch has gained prominence on many policy agendas, and policy makers are increasingly aware of the importance of anticipating skill demands on the labour market to foster innovation and economic growth (e.g.
European Commission, 2010 Commission, , 2012 Commission, , 2013 Commission, , 2014 . This is reflected in the Horizon 2020 EU strategy, and the European Commission's initiative 'New Skills for New Jobs'. The initiative in particular aims at supporting the EU member states in identifying the skill demands on (local or regional) labour markets. It also aims at smoothening the transition of youth from education to work. Furthermore, the European Social Fund invests 75 billion euros in training and education schemes in order to help thousands of (unemployed) people learning these 'new skills'. This paper explores the hypothesis that explicit variations in human capital composition between companies contributes to mismatch. In the first instance, we limit the study to level of education (i.e. years of schooling acquired), as: (1) field of education requires an entire different method of analysis; (2) level of education is associated with vertical mismatch, while field of education with horizontal mismatch; and (3) incidence rates, determinants, and consequences of vertical mismatch are well-documented in the literature. This may serve as a good starting point for our analysis. Therefore, we consider field analyses with focus on field of education as scope for further research.
Variations in level of education may contribute to being over-or under-educated for the job task requirements, and, as such, vertical mismatch (Hartog, 2000) . It is in this respect that the international scientific literature indicates an increased likelihood of vertical mismatch when being higher educated (Groot and Maassen van den Brink, 2000; Bender and Heywood, 2011) .
Several studies indicate that higher or tertiary education does not guarantee a good match on the labour market (among others, see Mavromaras, Sloan and Wei, 2012) .
A large set of studies indicate wage penalties or income loss due to over-education. These studies often compare well-matched workers to their mismatched peers. The meta-analysis of Groot and Maassen van den Brink (2000) is particularly interesting in this respect. They indicate that the incidence of over-education is 26 percent, and that the rate of return to over-education is +2.6 percent and to under-education -4.9 percent. Zhu (2012) argues smaller wage penalties for developing countries than for developed countries. The author indicates that overqualification is associated with 1.3 percent income loss in China. It is also argued that, on average, workers suffer from job mismatch, however, a substantial share (in China about 32 percent) also benefits from it.
Recent studies put the estimates from job mismatch into perspective. Tsai (2010) particularly argues that over-education does not lower monthly income. The wage penalties observed merely reflects the non-random assignment of workers to jobs. Other authors point to the consequences of self-selection into education and institutions (Ordine and Rose, 2010) and unobserved heterogeneity (Lamo and Messina, 2010) for the robustness of the estimates.
Our paper contributes to the literature on mismatch in at least four ways. First, a substantial amount of literature on (vertical) mismatch exists and its incidence, determinants and consequences are well-documented (Hartog, 2000; Groot & Maasen van den Brink, 2000) .
However, the empirical analyses on mismatch are often limited to the worker's perception of whether s/he possesses the adequate skills to perform the job (Cabus & Somers, 2015) . This overall picture may be biased or at least incomplete, as it does not present the employers' perspective on mismatch. We examine for the first time the employers' perspective on the fit between labour demand and labour supply. Throughout the paper, this (lack of) fit will be abbreviated as 'perceived mismatch' (by the employer) or 'mismatch'.
Second, we explore the relationship between perceived mismatch and the level of education of the companies' staff. There are several empirical challenges in order to deal with endogeneity issues mainly arising from the employers' endogenous recruitment process. Indeed, the human capital composition of a company heavily relies on recruitment of workers who are considered the best match for the job. It is proposed and tested in this paper to use human capital formation on the regional labour market as an instrument for the level of education of the companies' staff.
Previous research indicated that human capital formation in the regional labour market can be considered as a public good (Rauch, 1992) . As such, an employer who wishes to find a worker in order to fulfil its vacancies heavily relies on the availability of human capital in the area wherein business activities take place. Therefore, the employer takes human capital formation within the regional labour market as given (i.e. exogenous), while the selection of a worker into his company is endogenous.
Third, we particularly focus on the education-labour market mismatch in one EU country, namely: the Netherlands. The Netherlands is an interesting case study, as the unemployment rates rapidly increased since 2008, while, at the same time, 113 thousands of vacancies are left unfulfilled (Statistics Netherlands, 2015) . Consequently, Dutch government officials and policy makers heavily debate the mismatch phenomenon.
Fourth, owing to the richness of the Dutch data collected, this paper can present an overall and representative picture of mismatch from the employers' perspective over the period 1989 to 2012. To the best of our knowledge, this is not yet done in the previous literature, and, therefore, can also contribute to the body of scientific knowledge, not only for the Netherlands, but also for other, comparable countries with respect to the education-labour market system like Germany or Denmark (Cabus & Somers, 2015) . This paper proceeds as follows. Section 3 describes the data-set that is used for our analyses, and provides a detailed description of the construction of variables and reveals the descriptive results of the analyses. Section 4 discusses the empirical approach and section 5 will consequently present the results of our empirical analyses. Finally, section 6 provides a conclusion and discussion of the results.
Literature on regional human capital formation and recruitment
This literature section aims at exploring potential explanations for the rise or fall of (vertical) mismatch over the past two decades in the United States of America and West-European societies. The previous literature identifies a set of (macroeconomic) trends underlying mismatches on the labour market. As in Lazaer (2012) , among others, we distinguish between cyclical and structural driving forces of mismatch. The author defines changes as being 'structural' when it comes to industrial or demographic shifts. For example, due to durable technological innovations (e.g. computerization or public transport) or changes in the labour force composition (e.g. more one-parent families, ageing or immigration). These shifts are longterm in nature, can be located locally or globally, and are most often driven by the supply side of labour. In contrast, changes are cyclical when a recurring pattern is observed (e.g. seasonable fluctuations in the employment rate in agriculture and the construction industry). These patterns tend to be transitory in nature and most often driven by the demand side of labour. Groot and Maassen van den Brink (2000) argue that cyclical fluctuations affect the return to (over/under-) education. Instead, mismatches can be affected by structural changes, for example, through the labour force growth rate. In this scenario the seasonally adjusted unemployment rate can be high, while many job vacancies are left unfulfilled. It is considered one of the main sources of 'recruitment bottlenecks' on the labour market, where recruitment bottlenecks are defined as " […] the genuine lack of adequately skilled individuals available in the accessible labour market with the type of skill being sought (Cedefop, 2007) ."
Several hypotheses of what structural labour market changes drive are discussed in the literature, namely: (1) the career mobility thesis; (2) endogenous skilled-biased technological change and offshoring; (3) job polarization and the routinization hypothesis; and (4) demographic changes. We describe these hypotheses briefly. The career mobility theory has been formulated by Sicherman and Galor (1990) , among others. This hypothesis implies that workers invest in work experiences at the company in order to obtain positions and promotions within or at another company. The authors indicate that upwards occupational mobility increases with years of schooling. Over-education is then part of a (flexible) career path to higher level positions, also referred to as 'occupational upgrading'. Not all authors find evidence in favour of the career mobility theory (e.g. Baert et al., 2013) .
Next, offshoring has been used in the economics literature in combination with the hypothesis of endogenous skill-biased technological change. In fact, the demand for low-skilled labor decreased drastically over the past three decades or so in developed knowledge-based societies, while companies moved their labour intensive production to developing countries in order to remain competitive on the international trade market. Technological advances determine the knowledge and skill requirements on the labour market. These technological changes are considered endogenous, as high-skilled workers are often the key to knowledge-based innovations. Therefore, innovations often lead to an increase in the demand of rather high-skilled workers or, in other words, technological change is skill-biased (Bound & Johnson, 1992; Berman, Bound & Machin, 1997; Card & DiNardo, 2002) .
Third, there is an ongoing polarization of the industry wage structure in both the US (Autor, Katz & Kearney, 2006) and Europe (Goos, Manning & Salomons, 2010) : wages increase at the bottom and at the top of the wage distribution (i.e. the distribution of lowest to highest paying jobs), but remain stable or decline in the middle of it. This is referred to as 'job polarization' in the literature. The main driving force of job polarization is 'routinization', namely: replacing manual tasks by machinery. Looking at the wage distribution, routinization is most frequently applied for 'middle-class' jobs, for example: drivers and mobile plant operators; metal, machinery and related trade workers; office clerks; customer service clerks; extraction and building trade workers; machine operators and assemblers. Contrary, routinization is often not possible at the bottom (e.g. personal and protective service workers and laborers in construction, manufacturing and transport) or at the top (e.g. corporate managers and life science and health professionals) of the wage distribution. For Europe, Goos, Manning and Salomons (2010) argue that the routinization hypothesis is in line with previous observations of pervasive technological change (Berman, Bound and Machin, 1997) . They find much weaker evidence for Europe with respect to the hypothesis of wage inequality (Goldin and Katz, 2007) .
Data
The analysis is based on a cross section dataset drawn from the Labour Demand Panel 
Measurement of variables
The main variables for the present analysis are the measures of perceived mismatch from the employers' perspective and the human capital supply in the regional labour market from which the employer is likely to compose its workforce. The dependent variable, perceived mismatch, was until 2001, measured by the following question: 'In your opinion, is the current workforce equipped sufficiently to meet the job requirements of the coming years?' In 2003, this question was changed to: 'Are there, among the current workforce, employees who are not well equipped to meet the job requirements of the coming years?' The initial answers were coded into a binary variable, taking the value '0' if the answer was 'yes' in the former question and 'no' in the latter. In the case that respondents answered 'no' to the former question and 'yes' to the latter, the respondent received a '1'. A '1' indicated that the employer perceived a mismatch between the skills of its current workforce and the job requirements of the coming years, whereas '0' implied no mismatch. 2 The seven levels of education of the SOI are; (1) kindergarten, (2) primary education, (3) preparatory vocational secondary education (VMBO), junior general secondary education (MAVO, until 1997) , lower vocational education (LBO, until 1992) , (4) senior secondary vocational education (MBO), senior general secondary education (HAVO), pre-university education (VWO), (5) higher professional education (HBO), and (6) university (WO). In our analysis, we neglect the first level of education, since the respondents in our dataset have achieved at least a primary education degree. In order to construct our variable representing the human capital composition within the company, we determined for each educational level, the proportion of respondents for who that level of education is the highest one attained. Subsequently, each proportion was multiplied with the years of schooling associated with that particular educational level as to obtain the average years of schooling acquired by an employee within company c in year t. Because the human capital composition within a company is endogenous, an instrument is created that must be strongly correlated with the human capital stock available within the company, but that cannot directly influence our outcome variable, mismatch. In accordance with our theoretical framework, a variable is constructed that is a proxy for the human capital stock available on the labour market. Using the Labour Supply Panel, we determined for each educational level the proportion of respondents for who that level of education is the highest one attained. This exercise is performed for each region in the Netherlands, where a regional area is defined according to the NUTS3 3 (COROP region in Dutch) 4 regions. Accordingly, we multiplied each proportion with the years of schooling associated with each educational level in order to obtain the average acquired years of schooling by an individual in the workforce in NUTS3 region c. The years of schooling were based on the nominal study duration of each level of education. In our analyses, we will also estimate a model that comprises two instruments. The two instruments are the gender-specific human capital composition on the regional labour market. These two instruments are created similarly as our human capital on the labour market variable, only now the instruments are created for men and women separately.
In our empirical analysis, we control for factors that might affect our outcome variable, mismatch. We control for company characteristics such as the size the of company and the cyclical sensitivity. The company size is determined by the number of employees in company Finally, all models that will be estimated include NUTS3 region and sector dummies in order to control for regional and sector fixed effects.
Overall Trends in Perceived Mismatch
Figures 1 until 10 depict the development of perceived mismatch from the employers' perspective for the period 1989-2011. For the descriptive analyses, samples have been weighted in order to retrieve a better representation of the population of companies from which the sample was drawn. The figures suggest that the employers' view on the match between the required skills to adequately perform the job and the skills possessed by its employees 3 The NUTS, developed and regulated by the European Union, stands for the Nomenclature of Territorial Units for Statistics and is a geocode standard referencing the subdivisions of countries for statistical purposes. Depending on the size of the country, three levels of NUTS can be distinguished. In the present study, we will use NUTS3 as a definition for the regions. In Dutch, these regions are called COROP regions. 4 The COROP division was designed by the Coordination Commission Regional Research Programme (Coördinatiecommissie Regionaal Onderzoeksprogramma). These regions are used for analytical purposes by, among others Statistics Netherlands (Centraal Bureau voor Statistiek, CBS). 
Human capital formation and the recruitment process
In order to compose the human capital stock, an employer organizes a recruitment process in search for a worker who offers the best match. Hereby, the employer heavily relies on human capital that is available on the labour market. In most cases, the area of search for a worker depends on the location of the company. This is best demarcated by the regional labour market. cbs.nl, 2015) . In further progress of this paper, we will plot evolutions in the human capital index over three periods of time (1991, 2001 and 2011) on a map like Figure 13 .
Therefore, we will use the information from Table 2 . Table 2 , it is clear that large variations in human capital formation between regions and over time are present. These variations are exploited in our empirical strategy, as described as follows.
Empirical estimation
We wish to estimate the effect of the human capital stock available to the company in year t on the employers' perception of the match between the required skills to adequately perform the job and the actual skills brought to the job by the workers. We then may write:
where is equal to 1 if company ∈ {1,2, … , N} reports mismatch in year t, and 0 otherwise.
Variable constitutes a vector of company and labour market characteristics, like: company size, sector of activity, the business cycle, and the sensitivity for the business cycle. In the first instance, Equation (1) will be estimated through Ordinary Least Squares (OLS) regressions without control variables, and, subsequently, with control variables. This will be referred to as Model (1) (Section 5). Both models cluster the standard error at the level of the unique identification number of the company. In addition, each model contains dummy variables for the NUTS3 region and the sector in order to control for region and sector fixed effects.
The danger of using regular OLS estimation is that it might yield biased estimates, as the human capital available within the company could be correlated with other unobserved variables that also correlate with our outcome variable, perceived mismatch. This paper addresses these aforementioned concerns of endogeneity in order to obtain unbiased estimates of the effect of 5 In further research we want to use Table 1 in order to create three maps that represent the human capital formation on the 40 regional labour markets in years 1999, 2001 and 2011. These maps will show colours that vary from light grey to black where light grey points represent relatively low average years of schooling and black point relatively high years of schooling. We will do this by means of a geographic information system (GIS).
the available human capital stock on perceiving a mismatch between workers' skills and the skills required to adequately perform the job.
First, consider the functional form of perceiving mismatch:
A mismatch perception M by the employer in company c in year t is a function of the human capital possessed by company c's workforce in year t, and a vector of company c's characteristics X in year t. We are interested in capturing the effect of the human capital stock available within the company on the perceived mismatch from the employers' perspective. In accordance with our theoretical framework, the human capital composition within the company is a function of the human capital available on the regional labour market. The functional form of the human capital possessed by the company's workforce therefore reads as follows:
Here, HL represents the human capital stock on the regional labour market, whereas r captures the NUTS3 region in which company c resides. The human capital possessed by the company's workforce is possibly influenced by unobserved factors that are correlated both with the human capital offered by the company's current workforce as well as the perceived match by the employer. However, the human capital stock available on the labour market is a public good (i.e. exogenous) to the company or employer (Rauch, 1992) . This implies that the proportion of the labour force in the regional labour market that has attained a specific level of education is taken as a given by the employer. The company's workforce composition is largely dependent on the supply of human capital in the regional labour market, and the human capital available on the labour market is therefore strongly related to the human capital available within the company (in terms of acquired years of schooling). Therefore, we aim to use the human capital stock on the labour market as a source of variation in human capital available to the company in order to estimate the effect of the human capital available within the company on our outcome variable, perceived mismatch. Our theoretical framework supports the strong association between the human capital available in the regional labour market and the human capital within the company. We will proceed our analyses by means of a two-stage estimation approach. In the first-stage regression we estimate a regression where the human capital available within the company is the dependent variable and the human capital available on the labour market serves as our instrument for human capital within the company. We control for company size, sector, the business cycle, and the sensitivity for the business cycle. The models are first estimated without control variables and thereafter including control variables. All models contain dummy variables for the NUTS3 region and the sector in order to control for region and sector fixed effects.
The first-stage regression that will be estimated is formulated as follows:
In this model represents the human capital on the regional labour market in NUTS3 region r, which is also our instrument. The parameter is interest is . The first-stage model will first be estimated without any control variables (3a) and will consecutively be estimated with the inclusion of several control variables (3b): company size, sector, the business cycle, and the sensitivity for the business cycle.
Equation (2) is also estimated by replacing by the average attained years of schooling for both genders. Equation (2) then becomes:
In equation (3), captures the average years of schooling, or the human capital, offered by females on the regional labour market of NUTS3 r, whereas denotes the human capital offered by males. Likewise, equation (3) will first be run without control variables (3a) and will then be estimated with inclusion of controls (3b). Hence, equation (2) represents our model with one instrument whereas equation (3) contains two instruments, namely, a human capital stock on the labour market variable for men and for women.
The second-stage regression will estimate the effect of the available human capital within the company on employers' perception of mismatch that comes through that part of the variation in that is captured by our instrument for model (2). This part is said to be exogenous and will be used to estimate the parameter in the following equation:
Similarly, we estimate this effect for model (3) with two instruments, and . In order to do so, the following model is estimated, where ′ is the parameter of interest: Table 3 presents the results on the OLS regression as defined in Equation (1). There are two models estimated, one without (1a) and one with (1b) control variables. Both models cluster the standard error at the level of the company. We also add NUTS3 and sector dummies to the regression, as to control the estimates for sectorial and regional fixed effects.
Results

OLS-results
The estimate with respect to the human capital stock ( ) is significantly negative in Model 1. This result suggests that an increase of one year in the average years of schooling of the companies' workers decreases the probability that an employer perceives a mismatch between the skills possessed by its workers and the skills required to adequately perform the job.
Controlling for various company characteristics and the state of economy in Model (1b), the OLS estimate for the effect of human capital composition on perceived mismatch remains negative but become insignificant.
( Table 3 about here) Table 4 shows the first-stage regression results as specified in equation (2) The second-stage regression results of our analyses are presented in Table 5 . Models (4) as well
IV-results
as (5) are first estimated without control variables (4a and 5a). Then, both models are estimated while incorporating the control variables (4b and 5b). Again, both models (4) and (5) In addition to the human capital coefficients, the control variables provide us with some interesting insights. For instance, the dummy variables for company size demonstrate that, compared to the smallest companies, larger companies are more likely to experience a mismatch between the skills required from the job and the skills brought to the job by the employees. A possible explanation for this finding is that larger companies operate, on average, more often in an international environment. As a result of facing strong competition from foreign competitors, these companies might experience more pressure to find employees whose skills match with the skills requirements of the job. Furthermore, an increase in the national GDP growth rate is associated with an increase in the probability that an employer reports on a mismatch between the skills possessed by the employees and the skills required to adequately perform the job. In periods of economic growth, employers try to respond to an increasing demand for products and services by increasing production inputs such as labour. Hiring people with the appropriate skills becomes more difficult in times of economic growth, as the competition for labour becomes fiercer during such periods. This finding holds when adding dummy variables for the cyclical sensitivity of the organization.
( Table 4 and 5 about here)
Identification tests
In order to check the validity of our IV approach, we will now turn to the statistics of the underidentification test, the weak identification test, and the over-identification test. The identification will be performed for our model in which one instrument is used for the human capital stock available within the company, as specified in equation (2) Hence, we conclude that the equations are well identified for both models.
Additionally, we report the statistic that informs us whether the instrument, human capital on the regional labour market, is sufficiently correlated with the endogenous regressor, human capital available within the company. We do this for the total human capital available on the labour market (one instrument) and for the gender-specific human capital stock on the labour market (two instruments). A weak instrument would explain little variation in our endogenous variable, and as a consequence, the prediction of the endogenous predictor will be poor.
Regarding the equation that incorporates one instrument, the Cragg-Donald Wald F statistic is equal to 407.230 when control variables are excluded from the model. This statistic is higher than the Stock Yogo threshold of 16.38 for the bias level of 10 percent. After the inclusion of control variables, the Cragg-Donald Wald F statistic drops to 105.590, but remains higher than the threshold for the bias level of 10 percent. For our equation that contains two instruments, the Cragg-Donald Wald F statistics gives a statistic of 203.212 in the basic model specification.
This is higher than the Stock Yogo threshold of 19.93 for the bias level of 10 percent. Also in the extended model including control variables, the F statistics is also higher than the threshold of 10 (52.62>19.93). These statistics inform us that our instruments in both equations are sufficiently strong to continue with our analysis.
Finally, we report on the statistics of the over-identification test which tests whether the correlation with the error term is zero. The Hansen's J statistics will show us whether the instrument is truly exogenous. With respect to our equation with one instrument, the Hansen J statistics is not provided since more than one instrument is needed in order to perform this test.
The test for over-identification can therefore not be done for equation (2). In contrast, for our model containing two instruments (equation (3)), the over-identification test yields a Hansen J statistic equal to 0.009 and a p-value of 0.9246. Therefore, we argue that our instrument human capital on the labour market is a valid instrument for the human capital available within the company. Adding control variables to our basic model does not change the results of the overidentification test. The Hansen J statistic is 0.163 and insignificant (p-value = 0.6860).
Conclusion and discussion
The aim of this paper was to investigate the relationship between mismatch and the level of education of the companies' staff. Hereby, we explored the hypothesis that explicit variations in the human capital composition between companies contributes to mismatch. We defined mismatch as perceived by the employers, whereas they formulated an opinion on the skills required for the job and the actual skills possessed by the companies' staff. The focus of this study was on the highest level of education attained by workers (i.e. acquired years of schooling).
To investigate the effects of the available human capital within companies on perceived mismatch, a rich and unique dataset was used consisting of employers from more than 8000 different Dutch companies over the period 1989-2011.
In order to address concerns of endogeneity as a result of the recruitment process, human capital formation (of both men and women) on the regional labour market over the period is used an in instrument for the human capital available within companies. Hereby, we implicitly assume that regional human capital formation is exogenous to the company. Previous literature (e.g. Rauch, 1992) already argued that regional human capital formation can be treated as a public good. Several identification tests for the underlying IV-assumptions confirm the validity of our instrument. Moreover, our instrument also meets the IV-assumption of monotonicity, as there is a clear unambiguous positive association between human capital within the company and the availability of human capital on the regional labour market.
The first-stage regression findings show that the human capital formation on the regional labour market is, indeed, positively related to the human capital stock available within companies. This result is found for our model containing one instrument (human capital on the regional labour market) as well as for our model consisting of two instruments (gender-specific human capital on the regional labour market). This positive relationship also holds when controlling for firm characteristics and the state of the economy.
As hypothesized, the second-stage regression results of our instrumental variable approach shows that the human capital within the company has a negative effect on perceived mismatch.
We find this result for our model using one instrument as well as for our model using two instruments. Moreover, we observe that mismatch is more likely to be experienced during times of economic growth since companies respond to an increase in demand by increasing production. One input factor of production is (higher educated) human capital, which is scarcer during periods of economic growth as the competition between companies for human capital strengthens. Finally, the results demonstrate that larger companies are more likely to report on mismatch between the skills possessed by its workforce and the skills needed to adequately perform the job. A possible explanation for this finding is that larger firms face more international competition on average than smaller firms. Their challenge to keep up with foreign innovations might increase their need to attract employees with the appropriate skills that match the job requirements.
Albeit addressing mismatch has gained prominence on the agenda of policy makers, our study
shows that employers' view on the match between required skills to adequately perform in the job and the skills brought to the job by the employee, has significantly improved between 1989-2011. Our findings show that an increase in the average years of schooling of the workforce can partly explain this declining trend. In further analyses we wish to sharpen our analyses by, for example, refining our human capital within the company variable as well as the human capital on the labour market variable. Furthermore, by means of a geographic information system, we will map the trends in human capital formation in the NUTS3 regions of the Netherlands over time. 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 First stage regression. Standard errors in parentheses. Asterisks show sig. levels: * p < 0.10, ** p < 0.05, *** p < 0.01 a company size, sector, business cycle, sensitivity to business cycle 
